Abstract: As the scale of wind power bases rises, it becomes significant in power system planning and operation to provide detailed correlation characteristic of wind speed in different geographical hierarchies, that is among wind turbines, within a wind farm and its regional wind turbines, and among different wind farms. A new approach to analyze the correlation characteristics of wind speed in different geographical hierarchies is proposed in this paper. In the proposed approach, either linear or nonlinear correlation of wind speed in each geographical hierarchy is firstly identified. Then joint sectionalized wind speed probability distribution is modeled for linear correlation analysis while a Copula function is adopted in nonlinear correlation analysis. By this approach, temporal-geographical correlations of wind speed in different geographical hierarchies are properly revealed. Results of case studies based on Jiuquan Wind Power Base in China are analyzed in each geographical hierarchy, which illustrates the feasibility of the proposed approach.
Introduction
As one of the most promising renewable energies and effective solution for environmental degradation for years to come, wind energy is an alternative to fossil fuels popularly promoted in many countries. Especially in the northwest of China, the Hexi Corridor, known for its abundant wind and solar resources, has continuously developed large-scale wind power bases. In addition to the intermittency and uncertainty of wind energy, wind speed correlation information is of great necessity for power system planning and operation [1] [2] [3] [4] [5] [6] with geographically distributed wind farms driven by the presence of increasing scale of wind power bases.
In past years, the study of correlation of wind speed and wind power in wind farms which was applied in unit commitment [7] , reliability evaluation [8] , and economic dispatch and so on [9] has provided important insights for power system planning and operation. Though some achievements have been made with general knowledge of correlation characteristics in wind speed or wind power, researchers have only focused on the relationships at the wind farm or wind site levels [10, 11] but failed to consider the internal relationship among wind turbines located in the same wind farms. In addition, the correlation characteristics among the wind farm and its wind turbines is also needed to study to explore the internal wind power variation of wind turbines contributing to their wind farm. Without considering the internal relationship introduced above in the wind speed or power forecast model [12, 13] , it may lead to the bias that causes power imbalances and increases the risk during operation.
At the beginning of a correlation analysis, it is necessary to qualitatively identify whether the correlation is linear or not. Thus historical wind speeds are treated by dividing wind speeds into several sections, which could provide an efficient way to avoid using huge amounts of measured wind speed data. Based on the segmentation, a joint sectionalized wind speed probability distribution at different locations (e.g., in wind turbines or wind farms) can be established. Furthermore, correlation of wind speed among locations can be analyzed quantitatively.
Wind Speed Sectionalizing
Values of wind speed series at one location are divided into N sections within the wind speed variation range, so that N sectionalized wind speed points are obtained in the middle of each section. The wind speed values are then classified into the section in which their nearest sectionalized point are located. Figure 1 illustrates the sectionalizing process.
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Modeling for Joint Sectionalized Wind Speed Probability Distribution
Wind Speed Sectionalizing
Values of wind speed series at one location are divided into N sections within the wind speed variation range, so that N sectionalized wind speed points are obtained in the middle of each section. The wind speed values are then classified into the section in which their nearest sectionalized point are located. Figure 1 illustrates the sectionalizing process. As the wind power is zero when the wind speed is below the cut-in wind speed or above the cut-out wind speed, wind speed values within these ranges are regarded to be the equivalent cut-in wind speed value, marked as the first sectionalized wind speed value:
where V1 represents the first sectionalized wind speed value; and Vci represents the cut-in wind speed. When the wind speed value is between rated wind speed and cut-out wind speed, the wind power reaches to the rated value. Thus, the Nth sectionalized wind speed value can be marked as:
where VN represents the Nth sectionalized value, and Vr represents the rated wind speed.
When the wind speed is between the cut-in wind speed and rated wind speed, wind power varies with wind speed. Therefore, other sectionalized wind speed points are:
23 , 2,3,...,
where Vstep represents the wind speed interval between two adjacent sectionalized wind speed points; and Vi represents the ith sectionalized points.
Joint Sectionalized Probability Distribution of Wind Speeds
After sectionalizing the wind speed, the probability of the wind speeds divided into the corresponding section is obtained. By establishing the joint probability of wind speeds at different locations, correlation of wind speed among those locations can be intuitively described in an efficient way. Suppose that one wishes to model the joint sectionalized wind speed probability of two turbines A1 and A2, each with one year of Nw measured wind speed points. Based on the sectionalized wind speeds of each wind turbine, the joint sectionalized wind speed probability can be modeled as Figure 2 shows. The detailed steps of modeling are as follows: As the wind power is zero when the wind speed is below the cut-in wind speed or above the cut-out wind speed, wind speed values within these ranges are regarded to be the equivalent cut-in wind speed value, marked as the first sectionalized wind speed value:
where V 1 represents the first sectionalized wind speed value; and V ci represents the cut-in wind speed. When the wind speed value is between rated wind speed and cut-out wind speed, the wind power reaches to the rated value. Thus, the N th sectionalized wind speed value can be marked as:
where V N represents the N th sectionalized value, and V r represents the rated wind speed. When the wind speed is between the cut-in wind speed and rated wind speed, wind power varies with wind speed. Therefore, other sectionalized wind speed points are:
where V step represents the wind speed interval between two adjacent sectionalized wind speed points; and V i represents the i th sectionalized points.
After sectionalizing the wind speed, the probability of the wind speeds divided into the corresponding section is obtained. By establishing the joint probability of wind speeds at different locations, correlation of wind speed among those locations can be intuitively described in an efficient way. Suppose that one wishes to model the joint sectionalized wind speed probability of two turbines A1 and A2, each with one year of N w measured wind speed points. Based on the sectionalized wind speeds of each wind turbine, the joint sectionalized wind speed probability can be modeled as Figure 2 shows. The detailed steps of modeling are as follows:
Step 1: Set k = 0, n ij = 0 (i = 1, 2, . . . , N w , j = 1, 2, . . . , N w );
Step 2: k = k + 1. Read the k th wind speed point from wind speed series of two wind turbines, V w1 k and V w2 k ;
Step 3: If V w1 k < V ci or V w1 k ≥ V co , then V w1 k equivalently locates on the sectionalized point V 1 ,
Step 3.1: If V w2 k < V ci or V w2 k ≥ V co , then V w2 k equivalently locates on the sectionalized point V 1 , then n 11 = n 11 + 1; Step 3.2: If V r ≤ V w2 k < V co , V w2 k equivalently locates on the sectionalized point V N , then
k equivalently locates on the sectionalized point V i , then n 1i = n 1i + 1;
Step 4: If V r ≤ V w1 k < V co , then V w2 k equivalently locates on the sectionalized point V N ,
Step 4.1:
k equivalently locates on the sectionalized point V N , then
k equivalently locates on the sectionalized point V i , then n Ni = n Ni + 1;
Step 5:
Step 5.1: If V w2 k < V ci or V w2 k ≥ V co , V w2 k equivalently locates on the sectionalized point V 1 , then n i1 = n i1 + 1; Step 5.2: If V r ≤ V w2 k < V co , V w2 k equivalently locates on the sectionalized point V N , then
k equivalently locates on the sectionalized point V i , then n ii = n ii + 1;
Step 6: If k < N w , go to Step 2; otherwise, go to Step 7;
Step 7: The joint probability of sectionalized wind speed is p ij = n ij N w (i = 1, 2, . . . , Nw, j = 1, 2, . . . , Nw);
Step 8: Establish the joint probability table of sectionalized wind speed of two wind turbines A1 and A2, shown as Table 1 . Table 1 . Joint probability of sectionalized wind speed of two wind turbines.
Wind Speed of A2
Wind Speed of A1
Joint probabilities on the diagonal line in the table show the possibility of the same contemporaneous wind speed values of two wind turbines, providing a qualitative way to judge whether wind speed relationship of two turbines is linear correlation or not. The method for modeling the joint probability of sectionalized wind speed of different wind turbines can also be applied to the analysis for wind farms. 
Linear Correlation Coefficient
The Pearson correlation coefficient is generally used to measure the linear dependency of random variables. Let X, Y be two random variables with their expectation E(X) and E(Y). Suppose variance D(X) > 0 and D(Y) > 0, Pearson correlation coefficient r is defined as [19] :
where cov(X,Y) is covariance of X and Y. The Pearson coefficient r is between −1 and 1. The absolute value of correlation coefficient r measures the strength of the linear relationship between X and Y. The value of |r| equal to 1 means that there is a perfect linear relation. The linear correlation of two variables gets stronger when |r| gets close to 1; and they have no relation when r is 0. When r > 0 we say that the data pairs are positively correlated; and when r < 0 we say that they are negatively correlated.
Though Pearson coefficients are often straightforward to calculate, they cannot properly describe correlation of variables with heavy-tailed distribution, for example, observations for wind speed. Besides, independence of two random variables implies they are uncorrelated (r(X,Y) = 0) but a zero correlation does not in general imply independence. Only in the case of the multivariate 
Though Pearson coefficients are often straightforward to calculate, they cannot properly describe correlation of variables with heavy-tailed distribution, for example, observations for wind speed. Besides, independence of two random variables implies they are uncorrelated (r(X,Y) = 0) but a zero Energies 2017, 10, 237 6 of 20 correlation does not in general imply independence. Only in the case of the multivariate normal distribution is it permissible to interpret uncorrelated as implying independence. Besides, it fails to deal with nonlinear correlation problems due to its limited properties and conditions.
Nonlinear Correlation Analysis
Joint sectionalized wind speed probability distributions provide an efficient way to observe the linear relationship between wind turbines (farms) but fails to indicate nonlinear relationship and their dependence structure. Copula theory is generally utilized to analyze the nonlinear correlation for wind speed and wind power. This section will introduce Copula functions and choose the best-fitted Copula function to best fit the joint wind speed distribution of different locations. The Spearman rank correlation and tail correlation coefficients will be given as quantitative measurements of nonlinear relationship between wind speed series at different locations
Copula Function
Copula function is used extensively to get the joint probabilistic distribution of random variables, characterizing the non-normal nature of a single random variable [20] . By connecting the marginal distribution of each variable function into a joint distribution function, it is able to capture the nonlinear, asymmetric and the upper and lower tail correlation using correlation indicators that we will introduce in the next subsection.
Copulas are multivariate uniform distributions. They represent a way of trying to extract the dependence structure from the joint distribution function and to separate dependence and marginal behavior. Suppose that we model the joint cumulative distribution function of wind speed at different locations with specified marginal cumulative distribution functions (e.g., Weibull). Let random variables represent contemporaneous wind speed of n locations, and they are represented by x i (i = 1, . . . , n). The cumulative distribution function of x i can be connected using copula function to get the joint distribution, which is formulated as:
where F 1 , . . . , F n , are the marginals; C(·) is the copula function of F i ; and F(·) is the joint distribution of x 1 , . . . , x n . Then the joint distribution density function f (·) is formulated as follows:
where µ i is F i (x i ) for simplicity. A Copula gives a model for the dependence structure that reflects more detailed knowledge of wind speed variables. There are many candidate Copula functions in different Copula families, such as elliptical Copulas (Gaussian and t) and Archimedean Copulas (Gumbel, Clayton and Frank) [21] . Different tail behaviors in distribution are described in those Copulas. Gaussian_Copula, t_Copula and Frank_Copula functions have symmetric tails but cannot capture the features of asymmetric tail dependence; Gumbel_Copula and Clayton_Copula functions have asymmetric tails with capability of capturing the asymmetric tail dependence.
In terms of study on wind speed, the tail features in wind speed distributions are different with respect to different locations or geographical regions, so the fitted-best Copula is needed to be selected in a proper manner to fit the wind speed data with its features. A proper description for tail features can improve the accuracy in the wind speed-forecasting model. The method for choosing the fitted-best Copula will be introduced in the following section. 
Determincation of Copula Types under Nonlinear Correlation Condition
In Copula analysis, it is necessary to fit a joint Copula distribution function and evaluate the goodness-of-fit of data to the models by selecting a proper Copula function from a Copula family including Gauss, t, Gumbel, Frank, Clayton, etc. The steps involved in determining the copula function to best fit the joint wind speed distribution of two locations are as follows:
Step 1: Use the Kernel density estimation method to calculate the marginal cumulative distribution functions of wind speed at each location. Then transform the marginal cumulative distribution functions into uniform distributions by cumulative integration [22] .
Step 2: Construct the joint Copula functions of wind speed at different locations. Unknown parameters of the joint Copula functions are estimated by the maximum likelihood estimation method.
Step 3: The empirical joint Copula distribution function of wind speed is calculated [23] . Then calculate Euclidean distances of the empirical Copula function with each obtained copula distribution.
Moreover, the Copula function with its minimum Euclidean distance among Copula families best fits the actual correlation of wind speed at different locations.
Nonlinear Correlation Coefficients
Previous defects of linear Pearson coefficient can be overcome by nonlinear correlation coefficients such as the Spearman rank coefficient and tail correlation coefficients [23] . These coefficients based on Copula functions can capture the consistence of variation of observations to measure nonlinear correlation of random variables.
Spearman Rank Correlation Coefficient
The consistence of wind speed series variations in time at locations could be measured by the Spearman rank correlation coefficient. Suppose that two-dimensional vectors (X,Y) are independent random variables having common density function. In terms of paired values (X 1 ,Y 1 ), (X 2 ,Y 2 ) and (X 3 ,Y 3 ), Spearman rank correlation coefficient ρ is defined as follows:
The Spearman rank correlation coefficient is the multiple of probability difference between concordance and discordance. It is used to measure whether two variables vary in trend consistently or not. The Spearman coefficient based on Copula function can be formulated as:
where µ and ν are marginal distribution of continuous random variables vectors (X,Y) respectively, in the Copula function C(µ,ν). Note that two marginal distributions of (X,Y) are both a uniform distribution U(0,1). The Spearman rank correlation coefficient value is between −1 and +1. The sign of ρ gives the direction of the relation. It is positive when smaller Y value tends to go with X value getting smaller and larger Y value with X value getting larger; and it is negative when larger Y value tends to go with X value getting smaller and smaller Y value with larger value.
Tail Correlation Coefficients
In the wind speed correlation analysis, tail correlation must considered. As wind speed is related to the wind power output, the tail correlation coefficient shows the degree of influence of wind speed at one location on the wind speed at other locations when the speed rises or declines sharply. An extreme wind speed value may cause a significant impact on wind speed and power forecast. The Tail correlation coefficient λ consists of an upper tail correlation coefficient λ up and lower tail correlation coefficient λ lo . Let F(x) and G(y) be marginal distributions of continuous random vectors (X,Y) respectively, the upper and lower tail correlation coefficients are defined as:
The tail correlation relates to the dependence of extreme values, and depends mainly on the tails. It shows how one of the two variables value is dependent on the other when the other variable value is larger or less than a threshold value. Values of λ up and λ lo are between 0 and 1. If λ up (or λ lo ) exists and is positive, X and Y are dependent in upper (or lower) tail. Upper and lower tail correlation coefficient λ up and λ lo based on Copula function can be formulated as follows:
where µ and ν are marginal distribution of continuous random variables vectors (X,Y) respectively in the Copula function C(·). Note that two marginal distributions of (X,Y) are both a uniform distribution U(0,1).
Methodology of Correlation Characteristic Analysis in Different Geographical Hierarchies
As geographical diversity affects wind speed uncertainty and variability, the correlation characteristics are different in the variety of distances and terrain where wind turbines and wind farms are located. In this section, the proposed method for correlation characteristics analysis in different geographical hierarchies will be introduced based on the model and method introduced in Sections 2 and 3.
Judgement of Linear or Nonlinear Correlation
Before correlation analysis, whether there is a linear or nonlinear correlation should be judged in each geographical hierarchy. To improve analysis efficiency, a scatter diagram, which portrays a data set of paired values on a two-dimensional graph with the x-axis representing the x values of the data and the y-axis representing the y values, is a straightforward and intuitive way to present a linear correlation. Here we utilize both the scatter diagram and the joint probability table of sectionalized wind speeds as a combined way to qualitatively judge whether the correlation is linear or not.
When the wind speed correlation is linear, there is a upward straight line relation between the paired data such that large wind speed y values are attached to large wind speed x values as shown in Figure 3a , or a downward straight line relation that large wind speed y values are attached to small wind speed x values. Meanwhile, large values of joint probability are almost on the diagonal line in the joint sectionalized wind speed table. Otherwise, when the paired data values scatter randomly in the graph as shown in Figure 3b and large values of joint probability are not on the diagonal line of the sectionalized wind speed table, there may be a nonlinear correlation or no correlation between them. In this situation, the Copula functions mentioned in the previous section can be adopted to capture them. 
Methods of Correlation Characteristic Analysis for Wind Speed in Different Geographical Hierachies
As mentioned above, linear wind speed correlation should be firstly judged using the scatter diagram. The joint sectionalized wind speed probability is then modeled to describe the wind speed correlation qualitatively. If the correlation of wind speed between locations (in wind turbines or wind farms) is linear, a Pearson coefficient is calculated to describe the wind speed linear correlation quantitatively. Otherwise, the best-fitted Copula function is constructed, and the Spearman rank correlation coefficient as well as the tail correlation coefficient is calculated to measure the wind speed nonlinear correlation.
To sum up, analysis of the correlation characteristics of wind speed in different geographical hierarchies is subsequently performed based on the model and method above. Figure 4 indicates the flow chart for this process, and detailed procedures will be introduced in following subsections. 
To sum up, analysis of the correlation characteristics of wind speed in different geographical hierarchies is subsequently performed based on the model and method above. Figure 4 indicates the flow chart for this process, and detailed procedures will be introduced in following subsections. The wind speed of each wind turbine may vary differently due to the variety of terrain that wind turbines cover. For instance, the wind turbine downstream experiences a similar wind as upstream for certain wind directions but with a time delay. The goal for analyzing the correlation characteristics of wind speed among wind turbines is to provide useful correlation information for wind turbine layout and wind farm siting planning.
To analyze the temporal-geographical correlation of wind speed among wind turbines, the wind speeds series of any two wind turbines in a certain period are treated by shifting several time intervals from wind speed series of the one wind turbine while keeping those of the other unchanged. Figure 5 shows the wind speed series of two wind turbines before and after a shifting certain time interval. The wind speed of each wind turbine may vary differently due to the variety of terrain that wind turbines cover. For instance, the wind turbine downstream experiences a similar wind as upstream for certain wind directions but with a time delay. The goal for analyzing the correlation characteristics of wind speed among wind turbines is to provide useful correlation information for wind turbine layout and wind farm siting planning.
To analyze the temporal-geographical correlation of wind speed among wind turbines, the wind speeds series of any two wind turbines in a certain period are treated by shifting several time intervals from wind speed series of the one wind turbine while keeping those of the other unchanged. Figure 5 shows the wind speed series of two wind turbines before and after a shifting certain time interval. According to their linear or nonlinear correlation that was previously judged, the corresponding correlation coefficients are calculated with respect to various shifted time intervals of the two wind speed series. The shifted time interval value varies from the lagging time difference to the leading time difference. Then draw a plot with the x-axis representing the time difference values from the negative (lagging) to the positive (leading) and the y-axis representing the correlation coefficient values to examine the distances between the target wind turbines. It also investigates the upstream and downstream relationship between wind turbines.
In addition, the correlation coefficient values of every two wind turbines in the same wind farm are calculated. The mathematical relationship of distance and coefficient value is then fitted to grasp the variation rule of correlation with the distance among wind turbines.
Analysis on Correlation Characteristics of Wind Speed among a Wind Farm and Its Wind Turbines
The temporal correlation characteristics of wind speed among a wind farm and its wind turbines are analyzed on short and long-time scales. Generally, the wind speed of a wind farm is the average values of all the wind turbines in this wind farm, which reflects the overall wind speed variation over it. Through the investigation on the correlation characteristics of wind speed in this geographical hierarchy, the internal wind speed variation law in the wind farm can be revealed and reflect the features of wind speed variation on different time scales.
Historical wind speed series are firstly selected every 0.5 h, 1 h for the short time scale and 6 h, 12 h for the long time scale. Then correlation coefficient values describing the relationship of wind speed in wind farm and its turbine are calculated in each time interval to obtain the probability density distribution. We compare the probability density distributions of correlation coefficients in different time intervals to analyze the impact of wind speed in wind turbines on its belonging wind farm. According to their linear or nonlinear correlation that was previously judged, the corresponding correlation coefficients are calculated with respect to various shifted time intervals of the two wind speed series. The shifted time interval value varies from the lagging time difference to the leading time difference. Then draw a plot with the x-axis representing the time difference values from the negative (lagging) to the positive (leading) and the y-axis representing the correlation coefficient values to examine the distances between the target wind turbines. It also investigates the upstream and downstream relationship between wind turbines.
Historical wind speed series are firstly selected every 0.5 h, 1 h for the short time scale and 6 h, 12 h for the long time scale. Then correlation coefficient values describing the relationship of wind speed in wind farm and its turbine are calculated in each time interval to obtain the probability density distribution. We compare the probability density distributions of correlation coefficients in different time intervals to analyze the impact of wind speed in wind turbines on its belonging wind farm.
Analysis on Correlation Characteristics of Wind Speed among Multiple Wind Farms
Several previous studies showed that temporal and geographical correlation among wind farms may not be as strong as that among wind turbines because wind farms span a larger geographical area than wind turbines. Therefore, neither linear correlation analysis nor general Copula functions such as normal_Copula and t_Copula can capture well their relationship. Moreover, not only their dependence structure but also the tail correlation should be modeled in an appropriate way, so that the dependence of wind speed among wind farms can be completely represented in any model. Based on the method for choosing the best-fitted joint distribution function introduced in the previous section, here we construct the best-fitted Copula function from Archimedean Copulas and calculate the correlation coefficients to analyze the dependence structure and tail correlation of the wind speed series among multiple wind farms. Based on the correlation characteristics of wind speed that can be transformed to wind power with the wind power curve, an improvement in accuracy of wind power forecasting can be achieved with detailed correlation information, which is of significance to power system analysis and security assessment.
Case Study

Case Background
Jiuquan in northwest China, is under construction for the biggest 10 GW wind power base in Gansu Province, which is known for its abundant wind energy resources. Wind energies are concentrated in this area due to the well-known Hexi Corridor with its 160 km length and 100 km width. As shown in Figure 6 , the Gansu wind area is divided into five regions including Ganhekou, Qiaoxi, Qiaodong, Qiaowan and Changma all located in the Jiuquan Wind Power Base. The wind characteristics in Ganhekou, Qiaoxi and Qiaodong regions are similar due to their similar terrains in the north, while the winds are different in the Changma region located in the southeast. In this paper, the wind speed correlation characteristics between the Qiaodong and Changma regions are investigated as a typical case. 
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Case Study
Case Background
Jiuquan in northwest China, is under construction for the biggest 10 GW wind power base in Gansu Province, which is known for its abundant wind energy resources. Wind energies are concentrated in this area due to the well-known Hexi Corridor with its 160 km length and 100 km width. As shown in Figure 6 , the Gansu wind area is divided into five regions including Ganhekou, Qiaoxi, Qiaodong, Qiaowan and Changma all located in the Jiuquan Wind Power Base. The wind characteristics in Ganhekou, Qiaoxi and Qiaodong regions are similar due to their similar terrains in the north, while the winds are different in the Changma region located in the southeast. In this paper, the wind speed correlation characteristics between the Qiaodong and Changma regions are investigated as a typical case. To explore the correlation under different hierarchies, that is among wind turbines, among the farm and its wind turbines, and among wind farms, wind speed measurements characterizing farms located in each of the two geographical regions of interest as well as turbines located in each of farms of interest are clearly needed.
For the needs of the present paper, the wind farm Qiaodong II with its 134 wind turbines (Qiaodong Region) and Changxi I (Changma Region) with its 65 wind turbines are considered and summarized in Table 2 . In this paper, wind speed series measured every 5 min were provided. To explore the correlation under different hierarchies, that is among wind turbines, among the farm and its wind turbines, and among wind farms, wind speed measurements characterizing farms located in each of the two geographical regions of interest as well as turbines located in each of farms of interest are clearly needed.
For the needs of the present paper, the wind farm Qiaodong II with its 134 wind turbines (Qiaodong Region) and Changxi I (Changma Region) with its 65 wind turbines are considered and summarized in Table 2 . In this paper, wind speed series measured every 5 min were provided. 
Correlation Characteristics of Wind Speed among Wind Turbines
In the goal of exploration of the correlation characteristics of wind speed among wind turbines located in the same geographical region, a pair of wind turbines A001 and A134, both located in wind farm Qiaodong II were taken as an example using the proposed method.
Using wind speed series in time ranging from 2015.1.1 to 2015.12.30, the linear correlation of wind speed between A001 and A134 is clearly shown in Figure 7 . It shows that points of wind speed are observed to scatter near the straight line. After sectionalizing the wind speed series of each wind turbine, the joint probability of sectionalized wind speed of two turbines was established as Table 3 , further describing their linear correlation in quantities. The number of sectionalized joints of wind speed was set as 10 according to practical experience. 
Using wind speed series in time ranging from 2015.1.1 to 2015.12.30, the linear correlation of wind speed between A001 and A134 is clearly shown in Figure 7 . It shows that points of wind speed are observed to scatter near the straight line. After sectionalizing the wind speed series of each wind turbine, the joint probability of sectionalized wind speed of two turbines was established as Table 3 , further describing their linear correlation in quantities. The number of sectionalized joints of wind speed was set as 10 according to practical experience. It is observed that the large joint probability values (marked in blue) are almost on the diagonal line, which indicates that the instantaneous wind speeds of A001 and A134 are close. In addition, the strong linear correlation of wind speed between A001 and A134 is shown in Figure 7 and Table 3 , apparently because they are adjacent in geographical locations in the same wind farm sharing a similar wind regime. Thus, their linear correlation characteristics can be expressed by a Pearson correlation calculation.
As each wind turbine is at a distance ranging from 200 m to 10 km from others in the Qiaodong II wind farm, the wind speed of each wind turbine may vary differently due to the distance. To analyze the temporal-geographical correlation of wind speed between wind turbines, the wind speeds in time series of two wind turbines in a certain period were treated by shifting several time intervals from the wind speed series of wind turbine A001 and keeping that of A134 unchanged. The Pearson coefficient, which tests the correlation of the two treated wind speed series, was then calculated to examine the distance relationship between A001 and A134. The original measured wind speed series of A001 and A134 in a certain period is shown in Figure 8 , which describes a time difference between two wind speeds series. It is observed that the large joint probability values (marked in blue) are almost on the diagonal line, which indicates that the instantaneous wind speeds of A001 and A134 are close. In addition, the strong linear correlation of wind speed between A001 and A134 is shown in Figure 7 and Table 3 , apparently because they are adjacent in geographical locations in the same wind farm sharing a similar wind regime. Thus, their linear correlation characteristics can be expressed by a Pearson correlation calculation.
As each wind turbine is at a distance ranging from 200 m to 10 km from others in the Qiaodong II wind farm, the wind speed of each wind turbine may vary differently due to the distance. To analyze the temporal-geographical correlation of wind speed between wind turbines, the wind speeds in time series of two wind turbines in a certain period were treated by shifting several time intervals from the wind speed series of wind turbine A001 and keeping that of A134 unchanged. The Pearson coefficient, which tests the correlation of the two treated wind speed series, was then calculated to examine the distance relationship between A001 and A134. The original measured wind speed series of A001 and A134 in a certain period is shown in Figure 8 , which describes a time difference between two wind speeds series. The joint probability values on the diagonal line represent the possibility of identical sectionalized wind speeds of two turbines at the same time point.
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where d represents the distance between two wind turbines; S represents the correlation coefficient value; and the goodness of fit is 0.6544. This knowledge leads to a recommendation to enlarge the balancing areas, and to construct transmission paths in diverse locations. The investigation for correlation characteristics in time and geography can be applied to evaluate the wind unit siting and wind farm planning, which is of significance in practice and engineering. 
Correlation Characteristics of Wind Speed among a Wind Farm and Its Wind Turbines
The correlation characteristics of wind speed among a wind farm and its wind turbines on short and long time scales were investigated with one year of collected wind speeds in a wind farm. We take the Qiaodong II wind farm and its 134 wind turbines as an study example. Periods of experimental wind speed in time series were considered as 0.5 h, 1 h for the short time scale and 6 h, 12 h for the long time scale.
To reflect the overall wind speed variation in the Qiaodong II area, the wind speed of the wind farm was treated by averaging wind speeds of all wind turbines in the same wind farm. As demonstrated in Subsection 4.2, wind turbines in the same wind farm have strong correlations with each other, so the Pearson coefficients were calculated at 0.5 h, 1 h, 6 h and 12 h time intervals, respectively, based on the wind speed series of the Qiaodong II wind farm and its wind turbines.
As one of results among cases, the correlation coefficient between wind farm Qiaodong II and wind turbine A015 was calculated. Consequently, its probability density distributions were obtained as seen in Figure 11 , where the coefficient value "−1" means a negative correlation between the wind speed series of the wind farm and wind turbine A015 while the value "1" indicates a positive correlation between the two. Note that the overall blue area of each subplot is 1, which is the total probability of the correlation coefficient in the specific time interval. It is observed that the Pearson coefficients for short time scales (subplot (a) and (b)) range from −1 to 1 while those of long time scales (subplot (c) and (d)) range from 0 to 1. 
To reflect the overall wind speed variation in the Qiaodong II area, the wind speed of the wind farm was treated by averaging wind speeds of all wind turbines in the same wind farm. As demonstrated in Section 4.2, wind turbines in the same wind farm have strong correlations with each other, so the Pearson coefficients were calculated at 0.5 h, 1 h, 6 h and 12 h time intervals, respectively, based on the wind speed series of the Qiaodong II wind farm and its wind turbines.
As one of results among cases, the correlation coefficient between wind farm Qiaodong II and wind turbine A015 was calculated. Consequently, its probability density distributions were obtained as seen in Figure 11 , where the coefficient value "−1" means a negative correlation between the wind speed series of the wind farm and wind turbine A015 while the value "1" indicates a positive correlation between the two. Note that the overall blue area of each subplot is 1, which is the total probability of the correlation coefficient in the specific time interval. It is observed that the Pearson coefficients for short time scales (subplot (a) and (b)) range from −1 to 1 while those of long time scales (subplot (c) and (d)) range from 0 to 1. As the time interval gets longer, the wind speed series in time of the wind farm and its wind turbines tend to get positively correlated, which indicates that variation and change of wind speed series tends to coincide in a long period (over 1 h). And as the time interval gets shorter, the Pearson coefficient values distribute between a negative correlation (−1) and a positive correlation (1), indicating a volatility and randomness in wind speed series of wind turbines located in the wind farm in a short period (under 1 h).
Correlation Characteristics of Wind Speed Among Wind Farms
Wind speed series in the Qiaodong II and Changxi I wind farms were analyzed as an example to investigate the correlation characteristics of wind speed among wind farms. At a distance of 80 km, the wind speed of the two wind farms is not linearly correlated, which is shown in Figure 12 where wind speed points are scattered randomly and disorderly. However, Figure 13 shows a dependent variation tendency of the wind speed series of two wind farms, and their nonlinear correlation deserves to be investigated using copula analysis. As the time interval gets longer, the wind speed series in time of the wind farm and its wind turbines tend to get positively correlated, which indicates that variation and change of wind speed series tends to coincide in a long period (over 1 h). And as the time interval gets shorter, the Pearson coefficient values distribute between a negative correlation (−1) and a positive correlation (1), indicating a volatility and randomness in wind speed series of wind turbines located in the wind farm in a short period (under 1 h).
Wind speed series in the Qiaodong II and Changxi I wind farms were analyzed as an example to investigate the correlation characteristics of wind speed among wind farms. At a distance of 80 km, the wind speed of the two wind farms is not linearly correlated, which is shown in Figure 12 where wind speed points are scattered randomly and disorderly. As the time interval gets longer, the wind speed series in time of the wind farm and its wind turbines tend to get positively correlated, which indicates that variation and change of wind speed series tends to coincide in a long period (over 1 h). And as the time interval gets shorter, the Pearson coefficient values distribute between a negative correlation (−1) and a positive correlation (1), indicating a volatility and randomness in wind speed series of wind turbines located in the wind farm in a short period (under 1 h).
Wind speed series in the Qiaodong II and Changxi I wind farms were analyzed as an example to investigate the correlation characteristics of wind speed among wind farms. At a distance of 80 km, the wind speed of the two wind farms is not linearly correlated, which is shown in Figure 12 where wind speed points are scattered randomly and disorderly. However, Figure 13 shows a dependent variation tendency of the wind speed series of two wind farms, and their nonlinear correlation deserves to be investigated using copula analysis. However, Figure 13 shows a dependent variation tendency of the wind speed series of two wind farms, and their nonlinear correlation deserves to be investigated using copula analysis. An asymmetric tail is shown in Figure 14 with a heavy upper tail and a light lower tail. After constructing the empirical Copula function, the Euclidean distances of common Copulas (Gauss, t, Gumbel, etc.) to the empirical Copula are calculated, respectively, to determine the best-fitted Copula function. The less the Euclidean distance of the specific Copula function to the empirical copula distribution is, the better the Copula function fits the actual joint distribution. As the results in Table 4 show, the Gumbel_Copula with its minimum Euclidean distance to the empirical Copula fits the best compared to other common copulas. Therefore, the Gumbel_Copula was chosen as the fitted-best copula to analyze the correlation of wind speed series between the Qiaodong II and Changxi I wind farms. After estimating the parameters of the Gumbel function, the Gumbel_Copula probability density function was obtained as seen in Figure 15 where a "J" shaped feature is consistent with the bivariate frequency histogram in Figure 14 . The Gumbel_Copula, which sensitively captures the upper tail variation of the correlation, indicates that the wind speed of the two wind farms has a An asymmetric tail is shown in Figure 14 with a heavy upper tail and a light lower tail. After constructing the empirical Copula function, the Euclidean distances of common Copulas (Gauss, t, Gumbel, etc.) to the empirical Copula are calculated, respectively, to determine the best-fitted Copula function. The less the Euclidean distance of the specific Copula function to the empirical copula distribution is, the better the Copula function fits the actual joint distribution. As the results in Table 4 show, the Gumbel_Copula with its minimum Euclidean distance to the empirical Copula fits the best compared to other common copulas. Therefore, the Gumbel_Copula was chosen as the fitted-best copula to analyze the correlation of wind speed series between the Qiaodong II and Changxi I wind farms. An asymmetric tail is shown in Figure 14 with a heavy upper tail and a light lower tail. After constructing the empirical Copula function, the Euclidean distances of common Copulas (Gauss, t, Gumbel, etc.) to the empirical Copula are calculated, respectively, to determine the best-fitted Copula function. The less the Euclidean distance of the specific Copula function to the empirical copula distribution is, the better the Copula function fits the actual joint distribution. As the results in Table 4 show, the Gumbel_Copula with its minimum Euclidean distance to the empirical Copula fits the best compared to other common copulas. Therefore, the Gumbel_Copula was chosen as the fitted-best copula to analyze the correlation of wind speed series between the Qiaodong II and Changxi I wind farms. After estimating the parameters of the Gumbel function, the Gumbel_Copula probability density function was obtained as seen in Figure 15 where a "J" shaped feature is consistent with the bivariate frequency histogram in Figure 14 . The Gumbel_Copula, which sensitively captures the upper tail variation of the correlation, indicates that the wind speed of the two wind farms has a After estimating the parameters of the Gumbel function, the Gumbel_Copula probability density function was obtained as seen in Figure 15 where a "J" shaped feature is consistent with the Figure 14 . The Gumbel_Copula, which sensitively captures the upper tail variation of the correlation, indicates that the wind speed of the two wind farms has a strong dependence at the upper tail but an asymptotic independence at the lower tail in the joint probabilistic distribution. Correlation coefficients are calculated to test the nonlinear correlation of wind speeds between the Qiaodong II and Changxi I wind farms. As the results listed in Table 5 show, the Spearman rank coefficient is 0.5952, indicating that when the wind speed of Qiaodong II is increasing, the difference between the probability of increase in wind speed of Changxi I and the probability of decrease in wind speed of Changxi I is 0.5952. This illustrates that there is a moderate correlation of wind speed between the Qiaodong II and Changxi I wind farms. The upper and lower tail coefficients λ up and λ lo are calculated when the threshold value is 0.95 and 0.05, respectively. It means that when the wind speed of Qiaodong II is over 20.3 m/s corresponding to "0.95" of its wind speed cumulative probability, the probability of the wind speed in Changxi I over 22.6 m/s corresponding to "0.95" of its cumulative probability is 0.8952. The heavy upper tail shows a strong wind speed correlation between the two wind farms in the high wind speed region. In low wind speed region which is under 3 m/s corresponding to "0.05" of either wind speed cumulative probability, the wind speeds of two farms tend to become independent.
The dependence structure of wind speed between Qiaodong II and Changxi I and their tail correlation are described in an intuitive way in the Gumbel_Copula function. It could provide detailed correlation information for a wind speed forecasting model, which can be transformed according to wind power curves to improve the wind power prediction accuracy.
Conclusions
The correlation characteristics of wind speed in different geographical hierarchies meaning among wind turbines, among a wind farm and its wind turbines, and among wind farms are of significance to the planning and operation of wind power bases as well as power systems. A new approach for correlation characteristics analysis was proposed in this paper. Both linear and nonlinear correlation coefficients are introduced to accommodate different wind speed correlation relationships. Analysis procedures in different geographical hierarchies were presented. Extensive case studies on the data from the Jiuquan Wind Power Base validated the proposed approach, and indicated that: Correlation coefficients are calculated to test the nonlinear correlation of wind speeds between the Qiaodong II and Changxi I wind farms. As the results listed in Table 5 show, the Spearman rank coefficient is 0.5952, indicating that when the wind speed of Qiaodong II is increasing, the difference between the probability of increase in wind speed of Changxi I and the probability of decrease in wind speed of Changxi I is 0.5952. This illustrates that there is a moderate correlation of wind speed between the Qiaodong II and Changxi I wind farms. The upper and lower tail coefficients λ up and λ lo are calculated when the threshold value is 0.95 and 0.05, respectively. It means that when the wind speed of Qiaodong II is over 20.3 m/s corresponding to "0.95" of its wind speed cumulative probability, the probability of the wind speed in Changxi I over 22.6 m/s corresponding to "0.95" of its cumulative probability is 0.8952. The heavy upper tail shows a strong wind speed correlation between the two wind farms in the high wind speed region. In low wind speed region which is under 3 m/s corresponding to "0.05" of either wind speed cumulative probability, the wind speeds of two farms tend to become independent.
The correlation characteristics of wind speed in different geographical hierarchies meaning among wind turbines, among a wind farm and its wind turbines, and among wind farms are of significance to the planning and operation of wind power bases as well as power systems. A new approach for correlation characteristics analysis was proposed in this paper. Both linear and nonlinear correlation coefficients are introduced to accommodate different wind speed correlation relationships.
